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Abstract—In addition to the computational ability, human-like 
characteristics such as behavior, emotion, and personality can also 
be augmented to many personalized computers, applications 
robots and other systems. In recent years, there are many studies 
about human characteristics by using rich personal data collected 
from information systems and ubiquitous devices such as 
wearables. Besides separated studies on each aspect of human 
behavior, emotion and personality by using the personal data, it is 
also necessary to further study various relationships among these 
human characteristics. Therefore, this research is to examine how 
personality traits are associated with personal behaviors under 
specific emotional states based on physiological data collected 
from three wearable devices, Emotive Insight, Spire Stone and 
Huawei Fit Watch. Experimental data was gathered from 50 
participants subjected to; a Big Five Inventory (BFI) 
questionnaire to get their personality traits, presenting before a 
crowd and/or watching a movie where physiological data 
measured by wearables. Attributes of personal behavior, e.g. 
blink, wink, surprise, furrow, smile, and clench, are analyzed 
correlatively with the participants’ personality traits under 
respective emotion states of excitement, relaxation, stress, 
engagement, interest, and focus. Finally, we identify significant 
attribute correlations and find that correlations between the 
personality traits and the personal behaviors are greatly depended 
on the emotional states. 
Keywords—wearable devices; personality traits; emotion states; 
personal behavior; correlation. 
I.  INTRODUCTION  
In addition to the computation ability, human-like 
characteristics (e.g. behavior, emotion, and personality) also can 
be equipped to many personalized computers, systems, robots 
and applications. Human-like characteristics can not only 
improve user experiences with computer systems by the Human-
Computer Interaction (HCI) [1], but also help us understand why 
there are individual differences in behavior, thought, and 
emotion, even in the same situation. Of course, applying human-
like characteristics into machines depends on several factors.  
The first factor is defining human-like characteristics. The 
human-like characteristic of behavior is defined as the range of 
actions and mannerisms made by individuals, organisms, 
systems, or artificial entities in conjunction with themselves or 
their environments [2]. Emotion is defined as any conscious 
experience characterized by intense mental activity and a certain 
degree of pleasure or displeasure [3], such as happy and stress. 
Trait theory is an approach to the study of human personality [4], 
which can be defined as habitual patterns of behavior, thought, 
and emotion. Many trait theories were proposed to model human 
personality, such as the Eysenck theory [5], the Big Five model 
[6], the HEXACO model [7] and et al. To our knowledge, one 
of the most popular approaches is the Big Five model which 
concludes five dimensions: Openness, Conscientiousness, 
Extraversion, Agreeableness, and Neuroticism, generally noted 
as O-C-E-A-N.  
The second factor is how to compute the human 
characteristics using personal data collected from information 
systems and ubiquitous devices such as wearable devices. With 
the rapid development of wearable sensors (e.g. smart watches, 
and smart glasses), behaviors (e.g. heart rate and activities) can 
be easily captured. However, cognition of emotions is more 
difficult than capturing behaviors due to a difficulty of collecting 
specific emotion data and a limitation of devices. Despite mobile 
phones being so widespread, they cannot detect specific signals 
on the scale that Electroencephalography (EEG) and 
Electrocardiography (ECG) can. To make up for this, many 
studies are trying various approaches and techniques to make 
emotions and personality computable, generally knows as 
Affective Computing [8]. As a result of the Affective 
Computing, the Personality Computing [9], the Emotional 
Intelligence (EI) [10], and the Cognitive Computing [11] are 
attracting more attention. 
The last factor is how personality traits are associated with 
personal behaviors under specific emotional states. Because 
attributes of individuals are not independent to each other, 
correlation analysis is an approach to discover dependencies, 
which is a method of statistical evaluation used to study the 
strength of a relationship between two, numerically measured, 
continuous variables (e.g. height and weight). In general, the 
Pearson Correlation Coefficient (PCC) [12] and Spearman’s 
Rank Correlation Coefficient (SRCC) [13] are two classic 
methods of correlation analysis. PCC was first described by Karl 
Pearson in 1896, which measures the linear relationship between 
two variables. In 1904, Spearman adopted the Pearson’s 
Correlation Coefficient as a measure of the strength of the 
 relationship between two variables that cannot be measured 
quantitatively. Hence, SRCC is a nonparametric (distribution-
free) rank statistic proposed as a measure of the strength of the 
association between two variables. 
This study is not to predict personality and emotion due to 
there are a lot of aspects, correlated with personality traits and 
emotions, e.g. biological aspects (brain structure, genetic 
polymorphisms) and environments. On account of not being 
able to take all of these aspects into consideration, we only look 
at correlation analyses. Currently, many studies have analyzed 
relationships between each two of personality traits, emotions, 
and behavior, for instance, personality traits and emotions [14-
15], personality traits and behaviors [16], emotions and 
behaviors [17]. However, few studies took personality traits, 
behavior and emotion into consideration together. Thus, this 
paper aims to tackle these issues such as; what specific 
associations between personality traits and behaviors are and 
whether emotion states have an influence on these associations. 
The salient contributions of this work are: 
• To the best of our knowledge, it is the first work to exam 
if emotion states (e.g. excitement, relaxation, stress, 
engagement, interest, and focus) have an influence on 
associations between personality traits and behaviors. 
• Emotions and behaviors, like physiological data (e.g. 
heart and respiration rate) and facial expression (e.g. 
blink, wink left and right, surprise, furrow, smile, and 
clench), are detected and collected by multiple wearable 
devices, which are more objective than manual data, 
collected from questionnaires.  
• Two scenarios, presentation and watching movie clips, 
are designed to collect personal behaviors and specific 
emotion states. And two methods of PCC and SRCC are 
applied to measure the relations between personality 
traits and behaviors under a specific emotion according 
to data distribution. 
The rest of this paper is organized as follows; Section II 
explains data collection experimental details, which include 
descriptions of participants, measurements of personality traits, 
three wearable devices used for getting emotion states and 
personal behaviors, and data profiling. Pearson and Spearman’s 
Rank correlation analyses between personality traits and 
personal behaviors under specific emotion states are discussed 
in Section III and IV, respectively. The important findings of this 
study and necessary future work are depicted in the last section. 
II. DATA COLLECTION AND FEATURES 
This section mainly explains data collection experimental 
details. The explanations are divided into four parts, participants 
to this study, an approach of measuring personality traits, three 
wearable devices, and data profiling. 
A. Participants 
This research is composed of 50 undergraduate and graduate 
university students. Each of them completed a BFI questionnaire 
while 38 of them presented before a crowd and 19 of them 
watched a 20-minute movie. In 7 cases the student both 
performed the presentation and watched the movie. During this 
time, they were equipped with three wearable devices to record 
personal behaviors and emotional states. 
B. Personality Traits Collected By BFI Questionaire 
Questionnaires are a more convenient and reliable method 
for approaching wide range stable individual differences, 
making use of subjects’ experiences over a long span of time.  
The big-five personality trait concludes five basic 
dimensions: Openness (O), Conscientiousness (C), Extroversion 
(E), Agreeableness (A), and Neuroticism (N), i.e. O-C-E-A-N. 
A 44-item version of BFI questionnaire in [4] [6] was used to 
measure personality traits and the range of O is [10, 50], C is [9, 
45], E is [9, 45], A is [9, 45], and N is [8, 40]. The big-five 
personality trait scores for 50 participants are shown in Fig. 1.  
  
Fig. 1. The Big Five personality scores for 50 participants. 
C. Wearable Devices 
Three devices are applied into this study. They are Emotive 
Insight, Spire Stone, and Huawei Fit watch, as shown in Fig. 2.  
   
Fig. 2. Wearable devices for physiological data collection. 
1) Emotive Insight 
Emotive Insight is a 5-channel mobile EEG headset. And it 
records an individual’s brainwaves and translates them into 
meaningful data. Six attributes of emotion states are excitement, 
relaxation, stress, engagement, interest, and focus. Meanings of 
emotion states are shown in Table I.  
In detail, each emotion contains 4 metrics, including Min, 
Max, Raw and RawNorm values, the first three of which are for 
scientific research and could be negative. RawNorm is scaled 
value deduced from the Raw, Min, and Max values to be 
bounded between 0 and 1. These original RawNorm values were 
recorded in real time. For better visualization, emotional state 
values were grouped by a minute and the processed data are 
shown in Fig. 3. 
 TABLE I.  SIX ATTRIBUTES OF EMOTION STATES 
Emotion State Range Meaning 
Excitement [0,1] Capture the level of emotional arousal. 
Relaxation [0,1] An ability to switch off and reach a calm mental state. 
Stress [0,1] How comfortable a person is with the current challenge they are facing. 
Engagement [0,1] Measure how immersed a person is in what they are doing or experiencing. 
Interest [0,1] Measure on how much a person likes or dislikes something. 
Focus [0,1] An ability to concentrate on one task and ignore distractions. 
 
 
         while making a presentation while watching a movie clip 
Fig. 3. Emotion values from two scenarios grouped by one minute. 
Besides the measurement of emotion states, Emotive Insight 
can also recognize seven attributes of personal facial expression 
behaviors: blink, wink left and right, surprise, furrow, smile, and 
clench. Meanings of behavior attributes are shown in Table II. 
TABLE II.  ATTRIBUTES OF PERSONAL BEHAVIOR 
Personal Behavior Range Meaning 
Blink {0,1} The possibility of blink 
Wink left {0,1} Detecting left wink activity 
Wink right {0,1} Detecting right wink activity 
Surprise [0,1] The possibility of surprised 
Furrow [0,1] The possibility of a furrow 
Smile [0,1] The possibility of smiling 
Clench [0,1] The possibility of clench 
Respiration rate [12,25] The number of breaths per minute 
Heart rate [40,205] The number of pulse per minute 
2) Spire Stone 
Spire stone is a piece of equipment which supports 
continuous respiration sensing. A distribution of respiration rate 
is shown in Fig. 4. Respiration rate was considered as the eighth 
attribute of personal behavior. 
3) Huawei Fit Watch 
Although Huawei Fit is a smart piece of equipment, which 
can track sports activity, including sleep monitor, heart rate, and 
notification display, it is hard for developers to get data with 
enough quality. Thus, in this study, only heart rate was 
considered as the ninth attribute of behavioral states. 
D. Data Features  
Data profiling is a technique used to improve data quality, 
and it is the process of examining the data available in an 
existing data source and collecting statistics and information 
about that data. The size of the data set is 182,123 rows from two 
scenarios. A probability distribution for numeric values can 
detect whether data follows some well-known distributions or 
not. Histograms determine (and display) value frequencies for 
value intervals. This method does not only support visualizing 
distribution but also detects outliers. Eight attributes of personal 
behaviors distribution are shown in Fig. 4., respectively. As we 
can see in Fig. 4., it is obvious that the respiration rate frequency 
distribution approximates the normal distribution and it is hard 
to find specific distributions for the other seven attributes of 
facial expression behaviors.  
  
 
  
 
  
 
  
Fig. 4. The eight attributes of personal behavior distributions. 
III. PEARSON CORRELATION ANALYSIS 
In this section, the Pearson Correlation Coefficient (PCC) is 
applied to correlation analysis based on the respiration rate 
distribution because of the distribution of the respiration rate. 
PCC measures the linear relationship between two variables X 
and Y. An important assumption in Pearson’s 1896 contribution 
is the normality of the variables analyzed, which could be true 
only for quantitative variables.  
Pearson correlation coefficient noted as r, varies between -1 
and +1 with 0 implying no correlation. Positive correlations 
imply that as x increases, so does y. If r = 1 means, there is a 
perfect positive relationship between two variables. Negative 
correlations imply that as x increases, y decreases. This method 
 is suitable for normal distribution. So, respiration rate was 
analyzed by this methods and r is calculated, as in (1). 
  (1) 
where n is the sample size, xi and yi are the single samples 
indexed with i and ,  are the mean value of x and y. T is the 
threshold of emotion. If an emotion state value is greater than a 
configured threshold, it assumed that a participant was under this 
specific emotion. The threshold of each emotion is set as mean 
value of this specific emotion values. The two-scenario 
Pearson’s correlation coefficient between respiration rate and 
personality are shown in Table III and IV. 
TABLE III.  PEARSON CORRELATIONS BETWEEN THE BIG FIVE AND 
RESPIRATION RATE UNDER SIX EMOTIONS WHILE WATCHING A MOVIE CLIP  
Respiration  Correlation 
Emotions O C E A N 
Excitement 0.02  -0.64**  -0.38  -0.67**  0.31  
Relaxation 0.02  -0.65**  -0.41  -0.65**  0.33  
Stress -0.02  -0.67**  -0.27  -0.63**  0.46  
Engagement -0.01  -0.65**  -0.20  -0.72**  0.43  
Interest 0.00  -0.68**  -0.25  -0.63**  0.48  
Focus -0.04  -0.66**  -0.32  -0.64**  0.41  
p < 0.05 * p < 0.01 ** 
Table III  shows PCC results between personality traits and 
the respiration rate under specific emotion state while watching 
movie clips. Some main results are shown below. 
• No matter under which emotion state, respiration rate is 
negatively related to C, and positively related with N. In 
another work [18], Labbé has proposed that individuals 
with low spirituality has highest respiration rate, which 
hypothesized that groups with higher ratings of 
spirituality would report lower levels of N and higher 
levels of A and C. In this scenario, our results support it 
well.  
• Based on each column of O-C-E-A-N, it is obvious that 
each column has the same tendency of correlations. For 
instance, all values of column C: [-0.64, -0.65, -0.67, -
0.65, -0.68, -0.66], are negative and they are close to 
each other. Thus, this result demonstrates that emotion 
has little influence on correlations between personality 
traits and respiration rate while watching movie clips. 
Table IV shows PCC values between personality traits and 
respiration under specific emotion states while presentation. 
Some results are shown in the following. 
• When individuals with high interest, E is positively 
related to the respiration rate. The work of Stemmler 
[17] also found that resting respiration rate is associated 
with positive emotions with an r coefficient of 0.29.  
• Comparing each row of Table IV, there are not obvious 
correlations. Coefficients between personality traits and 
respiration rate have different trends. For instance, 
based on column E, the coefficients are not all positive 
nor negative. Thus, emotion affects the correlation 
between respiration rate and personality while 
presenting. 
TABLE IV.  PEARSON CORRELATIONS BETWEEN THE BIG FIVE AND 
RESPIRATION RATE UNDER SIX EMOTIONS WHILE PRESENTATION  
Respiration  Correlation 
Emotions O C E A N 
Excitement -0.15 -0.04 0.45 0.41 0.04 
Relaxation 0.04 0.34 0.14 0.23 -0.37 
Stress 0.33 0.02 0.10 0.23 -0.34 
Engagement 0.05 0.05 -0.10 0.01 -0.07 
Interest 0.05 0.46 0.60* 0.36 -0.14 
Focus 0.17 -0.75 -0.46 0.06 0.72 
p < 0.05 * p < 0.01 ** 
For better visualization, results from two scenarios are 
shown respectively in Fig. 5. and Fig. 6. 
 
Fig. 5. Coefficients between respiration rate and personality under six emotion 
states while watching a movie clip. 
 
Fig. 6. Coefficients between respiration rate and personality under six emotion 
states while presentation. 
To sum up, individuals with low spirituality have the highest 
respiration rate, with higher ratings of spirituality would report 
lower levels of N and higher levels of A and C. Besides it, two-
scenario results cannot tell us whether emotion states have an 
influence on coefficients between respiration rate and 
personality traits. And, we consider that watching movie clips is 
sedentary and presentation is a more active scenario with body 
movement.  
According to this, emotions might have a little effect on 
coefficients between personality traits and respiration rate. 
Because respiration rate could be affected a lot by body 
movement. 
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 IV. SPEARMAN’S RANK CORRELATION ANALYSIS 
In this section, the Spearman’s Rank Correlation Coefficient 
(SRCC) is used to correlation analysis based on the facial 
expression behavior distributions. The SRCC is a nonparametric 
(distribution-free) rank statistic proposed as a measure of the 
strength of the association between two variables. The Spearman 
Rank Correlation Coefficient is defined as the Pearson 
correlation coefficient between the ranked variables.  
For a sample of X and Y, X is a set of behavior value samples 
and Y is a set of personality traits samples. X and Y are grouped 
by each participate and converted to a ranked sample rgX and 
rgY. The size of rgX and rgY is n, also noted as the number of 
participants. rs denotes the Spearman’s Rank Correlation 
Coefficient, and computed as in (2): 
  (2) 
where rs denotes the usual PCC. Then, it was applied to the rank 
variables. s denotes the standard deviations of the rank 
variables. cov(rgX, rgY) is the covariance of the rank variables. 
Because of distributions of blink, wink left, wink right, surprise, 
furrow, smile, and clench are not strictly followed the normal 
distribution, the SRCC is an appropriate method to analyze 
correlations between behaviors (distribution-free) and 
personality traits. Spearman’s rank coefficient results from two 
scenarios are shown in Table V and Table VI, respectively. 
Table V shows the Spearman’s Rank Correlation Coefficient 
between personality traits and facial expression behaviors 
whiling watching a movie clip. Some results are shown below. 
• No matter under which emotion state, blink is most 
positively correlated with Agreeableness. So, emotions 
did not have an influence on coefficient between A and 
blink. However, it contradicts MacLean’s research [16] 
that greater Neuroticism predicted larger attentional 
blinks. 
• Under excitement, Neuroticism is positively related to 
wink left and right and negatively related with clench. 
When excited, individuals with high N will wink more 
than others and clench less than others. According to 
these results, people under excitement are more prone to 
more wink left and right, and less clench, which might 
prevail their personality Neuroticism. This result 
demonstrates that emotion did affect the associations 
between Neuroticism and facial expression behaviors.  
Table VI shows the Spearman’s Rank Correlation 
Coefficient between personality traits and facial expression 
behaviors while presentation. Some results are shown below. 
• Agreeableness (A) is most related to facial expression 
while presentation and this result is also supported by 
AMIGOS [19]. It implies that individuals with higher 
agreeableness will react more by their facial expressions 
when they are listening or answering questions.  
• Under interest, the facial expression is mostly related to 
personality traits, compared to other emotion states, i.e. 
when individuals are interested in something, their 
facial expression is more obvious.  
• Under stress, personality traits, including 
Agreeableness, are not associated with facial expression 
a lot, except furrow. It refers that stressful people with 
different personality traits might not show much 
variations in their facial expressions.  
• Emotion states have an obvious influence on 
coefficients between personality traits and facial 
expressions.  
TABLE V.  SPEARMAN RANK CORRELATIONS BETWEEN THE BIG FIVE 
AND BEHAVIOR UNDER EMOTIONS WHILE WATCHING MOVIE CLIPS 
Emotion Behavior Correlation O C E A N 
Excitement 
Blink 0.19  0.50  0.42  0.80**  0.03  
Wink Left 0.17  0.15  0.33  0.36  0.31  
Wink Right -0.04  0.18  -0.06  0.31  0.42  
Surprise 0.12  -0.46  -0.28  -0.39  0.40  
Furrow 0.23  0.07  0.29  0.40  0.24  
Smile -0.14  0.33  0.01  0.30  -0.13  
Clench 0.18  0.05  0.32  -0.02  -0.01  
Relaxation 
Blink 0.14  0.57*  0.40  0.82**  -0.01  
Wink Left 0.01  0.24  0.18  0.37  0.31  
Wink Right -0.13  0.53*  0.18  0.56*  0.26  
Surprise 0.28  -0.46  -0.14  -0.37  0.37  
Furrow 0.25  0.09  0.33  0.41  0.24  
Smile -0.20  0.27  -0.07  0.25  -0.07  
Clench 0.23  -0.16  0.42  -0.11  0.25  
Stress 
Blink 0.16  0.44  0.18  0.81**  -0.08  
Wink Left 0.05  0.08  0.06  0.47  0.25  
Wink Right -0.01  0.50*  0.00  0.59*  0.11  
Surprise 0.17  -0.47  0.03  -0.37  0.34  
Furrow 0.19  0.10  0.18  0.45  0.22  
Smile -0.04  0.37  -0.06  0.33  -0.07  
Clench 0.19  -0.21  0.39  0.03  0.22  
Engagement 
Blink 0.43  0.49  0.14  0.70**  -0.31  
Wink Left 0.18  0.04  0.43  0.31  0.12  
Wink Right 0.06  0.46  0.20  0.41  0.16  
Surprise 0.03  -0.37  0.13  -0.66*  0.36  
Furrow 0.14  -0.29  0.33  0.19  0.25  
Smile -0.10  0.09  0.12  0.40  -0.18  
Clench 0.36  -0.19  0.31  0.14  -0.12  
Interest 
Blink 0.20  0.41  0.20  0.78**  -0.10  
Wink Left 0.15  0.00  0.11  0.50*  0.32  
Wink Right 0.14  0.41  0.06  0.57*  0.12  
Surprise 0.17  -0.47  0.03  -0.37  0.34  
Furrow 0.18  0.09  0.19  0.45  0.23  
Smile -0.02  0.35  -0.04  0.37  -0.06  
Clench 0.23  -0.21  0.29  0.12  0.17  
Focus 
Blink 0.25  0.48*  0.31  0.80**  -0.08  
Wink Left 0.22  -0.09  0.27  0.06  0.48*  
Wink Right 0.02  0.67**  0.10  0.64**  -0.09  
Surprise 0.18  -0.34  0.00  -0.35  0.32  
Furrow 0.23  0.10  0.18  0.39  0.23  
Smile -0.07  0.27  -0.19  0.33  -0.06  
Clench 0.16  -0.16  0.41  -0.10  0.11  
p < 0.05 * p < 0.01 ** 
These two tables show an obvious evidence that there are 
dependency relationships among personality traits, facial 
expressions, and emotions. In the other word, emotion affects 
the coefficients between personality traits and facial 
expressions. What’s more, a same facial expression behavior 
might have different meaning under different emotion state. 
To summarize all results from two scenarios, the same result 
is that blink is positively associated with Agreeableness. What’s 
more, although we cannot absolutely conclude that emotion has 
an influence on coefficients between all behaviors and 
personality traits, there is an evidence that emotion might affect 
relationships between specific behaviors and personality traits, 
such as some facial expression behaviors. Because the variety of 
,
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rg rgr r
s s
= =
 behaviors, more specific correlations among personality traits, 
behavior, and emotion need more studies to be found out. 
TABLE VI.  SPEARMAN RANK CORRELATIONS BETWEEN THE BIG FIVE 
AND BEHAVIOR UNDER EMOTIONS WHILE PRESENTATION 
Emotion Behavior Correlation O C E A N 
Excitement 
Blink 0.03  0.11  0.08  0.26* -0.04  
Wink Left 0.30* 0.07  0.38** 0.29* -0.17  
Wink Right 0.28* -0.32** -0.08  0.28*  -0.01  
Surprise -0.32** -0.13  -0.09  -0.31** 0.10  
Furrow 0.07  0.18  0.21  0.16 -0.14  
Smile -0.06  0.04  -0.01  -0.14 -0.09  
Clench -0.27  0.10  0.03  -0.17 -0.05  
Relaxation 
Blink 0.08  0.27**  0.28** 0.36** -0.23** 
Wink Left 0.09  0.16  0.36**  0.19* -0.24** 
Wink Right 0.09  -0.13  0.08  0.14 -0.08 
Surprise -0.13 -0.05 -0.17*  -0.29**  0.20*  
Furrow -0.07 0.08 0.22**  0.11 -0.19*  
Smile -0.20* 0.06 0.10 -0.07 -0.08  
Clench -0.25** 0.03 0.04 -0.15 0.02  
Stress 
Blink -0.01 0.04 -0.06 0.09 -0.08  
Wink Left 0.03 -0.19 -0.02 -0.22 -0.04  
Wink Right -0.24* -0.18 0.01 0.01  0.17  
Surprise 0.25* 0.18 0.14 0.10 -0.28*  
Furrow -0.14 -0.16 -0.14 -0.25* 0.09  
Smile -0.22 0.15 0.04 -0.15 -0.14  
Clench -0.21 -0.07 -0.09 -0.14 0.12  
Engagement 
Blink 0.10 0.22** 0.21*  0.28**  -0.19*  
Wink Left 0.13 0.15 0.31**  0.15  -0.21*  
Wink Right 0.05 -0.16 0.04  0.10  -0.05  
Surprise' -0.14 -0.06 -0.14  -0.24**  0.20*  
Furrow -0.01 0.06 0.14  0.06  -0.14  
Smile -0.16 0.08 0.06  -0.09  -0.07  
Clench -0.20 0.00 0.02  -0.13  0.05  
Interest 
Blink 0.22  0.09 0.26*  0.51**  0.03  
Wink Left 0.41**  0.03 0.28*  0.40**  0.03  
Wink Right 0.30*  -0.29* -0.05  0.33**  -0.06  
Surprise -0.38**  0.40** 0.11  -0.46**  0.09  
Furrow 0.34**  0.01 0.17  0.44**  -0.14  
Smile 0.23  0.12 0.18  0.44**  -0.06  
Clench -0.10  0.30* -0.01  0.01  0.04  
Focus 
Blink 0.10 -0.54  -0.84**  -0.65*  0.74**  
Wink Left 0.21 0.05  -0.19  -0.17  0.11  
Wink Right 0.63* -0.44 -0.30  0.36  0.46  
Surprise -0.41 0.06  0.39  0.20  -0.31  
Furrow -0.42 -0.60*  -0.71*  -0.79*  0.63*  
Smile -0.11 0.65* 0.84**  0.56  -0.80**  
Clench -0.39 -0.06 0.04  -0.15  -0.04  
p < 0.05 * p < 0.01 ** 
V. CONCLUSION AND FUTURE WORK 
There are two main findings in this study. Considering two-
scenario results, one is the common conclusion is that blink is 
positively associated with Agreeableness no matter under which 
emotion. The other is that emotion states have an influence on 
coefficients between personality traits and behaviors. Based on 
this work, it was discovered that both of two scenarios, emotion 
states did little effect on coefficients between personality traits 
and respiration rate. However, emotion states affect the 
coefficients between personality traits and facial expression 
behaviors. This conclusion demonstrates that behaviors under 
different emotions state might have different meanings, which 
are associated greatly with personality traits.  
There are also some challenges remaining in future work. 
The first one is how to guarantee the accuracy of results of three 
devices. In order to guarantee data quality, when design a 
scenario, body movement should be considered as future work. 
Then, the second one is that there are different numbers of 
participants of these two scenarios. It might somewhat influence 
the results. Although we cannot absolutely conclude that 
emotion has an influence on coefficients between all behaviors 
and personality traits, this work has shown that there is an 
evidence emotion might affect relationships between specific 
behaviors and personality traits, such as some facial expression 
behaviors. Because the variety of behaviors, more specific 
correlations among personality traits, behavior, and emotion are 
required more studies. We expect that this idea could draw more 
attention to better understand individuals and also can contribute 
to making machines more human-like. 
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